ABSTRACT Recent years have witnessed significant advances in indoor positioning. Existing approaches either require cumbersome site surveys or customized hardware, thus hindering their popularity. In this paper, we propose Stationary peers-Assisted indoor Positioning (SAP), a practical indoor positioning solution that is highly scalable and easy-to-deploy. SAP greatly alleviates the pain of fingerprint collection by smartly leveraging the relatively stationary people, namely stationary peers that are largely available in common indoor environments to assist positioning. Once SPs' locations and the relative distance between SPs and a target are obtained, SAP can apply trilateration to locate the target. SAP incorporates three key modules: a novel accelerometer-based filter that can accurately identify SP, an enhanced fingerprint-based positioning method that can accurately pinpoint SPs' locations, and a robust acoustic ranging method. We implement a prototype of SAP on the Android platform and evaluate its performance in representative real-world environments. SAP achieves an 80% positioning error of 2.2 m, which is comparable to the most existing smartphone-assisted approaches.
I. INTRODUCTION
Artificial intelligence is a leading force that revolutionizes many fields such as robotics [1] , image processing [2] , and pervasive computing [3] . Pervasive computing that exploits the explosiveness of smart Internet-of-Things (IoT) devices, including smartphones and wearables, has brought great prosperity to various indoor location-based services (LBS) such as indoor positioning, personal tracking, emergency management, smart healthcare [3] , and navigation [4] , [5] . The demand for indoor LBS has driven many innovative researches on indoor positioning. Given the pervasiveness of WiFi infrastructures, many WiFi fingerprint-based indoor positioning approaches have been developed, e.g., [6] - [14] . Such approaches normally involve a cumbersome offline site survey (also known as calibration) process that collects the WiFi fingerprints in the whole indoor area, and since the WiFi signals are vulnerable to environmental changes, this process is often repeated from time to time to update the WiFi fingerprints [15] . Hence, such approaches are unscalable for practical deployment. Furthermore, the accuracy of fingerprint-based positioning systems is not satisfactory. The median positioning accuracy varies from 2 to 10 meters [6] , [10] , [15] , [16] depending on factors such as environment settings and calibration effort.
Extensive efforts have been made to improve the positioning accuracy. Channel State Information (CSI) that provides fine-grained physical signatures, has shown great potential to improve positioning accuracy to decimeter-level [17] - [21] . However, obtaining CSI information needs access to physical layer (PHY), which requires modified device driver [21] and is only feasible on certain devices [22] , [23] . Another line of works rely on customized hardware, e.g., more antennas [24] or acoustic beacons [25] - [27] , to achieve meter-or even centimeter-level positioning accuracy. The customized hardware inevitably incurs extra costs and deployment effort. For instance, Guoguo [25] achieve centimeter positioning accuracy at the cost of placing acoustic beacons in the place of interest (POI). If a critical node ceases to operate, the localization network may encounter systemwide failures. WiTrack [24] needs customized multiple antennas built on USRP, an expensive software defined radio (SDR) platform which costs thousands of dollars. In summary, existing accurate indoor positioning approaches are still far from practical use, especially for large indoor environments.
In this paper, we aim at developing an effortless and scalable indoor positioning system without using any extra hardware or fine-grained physical layer signatures, yet with a comparable positioning accuracy. Based on some reports [28] - [31] and our own measurement study, we find that a considerable number of people, say the salespeople in plazas or shopping malls, have a high probability to remain ''stationary'' for a relatively long period of time. We regard the people whose active region is within a limited area, say a circle with a radius of several meters, for more than ten minutes as stationary peers (SPs). If we can identify SPs in the place of interest, a target's location can be obtained by using the trilateration method [32] based on SPs' locations and the distances between the target and SPs. To this end, we develop SAP (Stationary peer Assisted indoor Positioning) that smartly leverages SPs to assist positioning. We exploit the stationary feature of SPs and propose an accelerometer-based algorithm to identify SPs. To obtain SPs' locations, we develop an enhanced RSSI (Received Signal Strength Indicator) fingerprint-based method, which achieves much higher precision than existing RSSI fingerprint-based ones [6] , [10] . We then apply an acoustic ranging method to estimate the distances between the target and SPs. An illustrative example is shown in Fig. 1 . 1 The major advantage of our scheme is that it significantly alleviates the pain of fingerprint calibration: instead of uniformly collecting fingerprints in the place of interest, we only need to sample fingerprints at a small number of selected regions where SPs are more likely to stay, which makes our positioning system effortless, scalable and easy-to-deploy. We summarize the major contributions of this paper as follows: 1 In this paper, we only consider SPs who carry smart mobile devices [33] - [35] . Given the prevalence of such devices nowadays, the availability of SPs can be guaranteed in most indoor environments. FIGURE 1. An example: the red stars denote SPs, and the red circle denotes a target. Locating a target needs the following three steps. First locate SPs via a lightweight RSSI-based fingerprinting method. Then estimate the relative distance between the SPs and the target using the acoustic method. Finally obtain the location of the target through trilateration.
1)
We design SAP, a novel and lightweight indoor positioning system that smartly leverages the existence of stationary peers to locate a target. As compared with traditional fingerprint-based approaches, SAP greatly alleviates the pain of fingerprint calibration. 2) To effectively identify SPs, we propose an accelerometer-based SP identification algorithm which is quite robust to body motion interferences and smartphone placements. 3) To pinpoint SPs' locations, We exploit SPs' stationary feature and develop an enhanced RSSI fingerprintbased method, which can accurately locate SPs with little efforts. 4) We implement a prototype of SAP on the Android platform and evaluate its performance in typical indoor environments. SAP achieves an 80-percentile positioning error of 2.2 meters, which is comparable to most existing approaches. The rest of the paper is organized as follows. In Section II, we present a motivational measurement study to validate the feasibility of utilizing SPs to assist positioning, followed by the system overview. Section III introduces the detail design of our SP identification and positioning algorithm. The positioning method for the targets is presented in Section IV. We describe the prototype implementation and present the evaluation results in Section V. We discuss related issues and related works in Section VI and Section VII. Finally, we conclude the paper in Section VIII.
II. SAP: DESIGN AND ARCHITECTURE
In this section, we present a measurement study to demonstrate the feasibility of using SPs for positioning, followed by the system overview.
A. DEFINING SPS: A MEASUREMENT STUDY
It has been reported that a lot of people stay in a small area for hours in many indoor environments [28] -[31], e.g., workers in factories, salespeople in plazas, students in the library, software developers in office buildings. Our measurement study also validates this phenomenon.
We have conducted two-hour site surveys in a large five-story plaza and an indoor office building, respectively. Here, we define the time during which a person does not change his/her position as residence time. Fig. 2 depicts the CDF of people's residence time in these two environments.
We can see that people in the office all have an residence time of over half an hour; while in the plaza, the majority of people's residence times are within half an hour. Considering that a positioning process only needs around one second, the people with the residence time of more than several minutes can be employed to assist positioning, and Fig. 2 clearly demonstrates the availability of these people. In our paper, we define that, a person can be employed as an SP when his/her residence time is over ten minutes and his/her position is within a cubic area with a side length of 2 meters. It is worth noting that this condition can be adapted for different indoor scenarios.
Another issue is the sufficiency of SPs, as the trilateration positioning method needs at least three beacons surrounding a target. In SAP, when a target sends a positioning request, it should receive at least three acoustic responses from the surrounding SPs. We conduct another measurement study to explore the distribution of candidate SPs in an indoor office and a shopping mall. Fig. 3 depicts the layout of candidate SPs in these two real world environments. Given that the typical acoustic range is around 10 meters (the maximum is around 40 meters) [36] - [39] , any point in the area can be covered by at least three SPs in these two environments.
In summary, our measurements demonstrate both the availability and sufficiency of SPs in typical indoor environments and thus validate the feasibility of utilizing SPs for indoor positioning. Fig. 4 shows the system architecture of SAP, which includes three main components: SP identification, SP positioning, and target positioning.
B. SYSTEM OVERVIEW

1) SP IDENTIFICATION
The goal of SP Identification is to determine whether a person is relatively stationary or not. Using the accelerometer to identify SPs is a natural solution given that accelerometers have been widely used to track people's activities [40] - [43] . However, the rigid requirement on device placement and interferences from body motions make these approaches infeasible for SAP.
Through analyzing SPs' activities and the corresponding acceleration signals, we propose a practical and efficient method to identify SPs. We find that SP's acceleration signals either have low magnitude or low root mean square (RMS). Furthermore, the unbiased autocorrelation of the acceleration signals exhibits no repetitive pattern. These distinctive features effectively help us identify SPs, as will be detailed in Section III.
We have also considered using RSSI, as RSSI signatures are supposed to remain unchanged at a fixed location. Yet it has been shown that RSSI is subject to temporal fluctuation [15] . Therefore, utilizing RSSI to identify SP is not viable.
2) SP POSITIONING
To make our system lightweight and easy-to-deploy, we do not rely on any customized hardware or fine-grained physical layer signatures; instead, we still use RSSI. Due to multipath fading, medium contention and other electromagnetic noise, RSSI is inherently time-variant [44] and normally incurs coarse positioning accuracy [15] . To this end, for each WiFi VOLUME 6, 2018 AP, we utilize a set of RSSI measurements as the fingerprints for each reference location. Compared with traditional RSSI fingerprint positioning methods [6] that depend only on oneshot measurements and do not account for temporal variation, our approach can achieve much higher positioning accuracy, as will be shown in Section V.
3) TARGET POSITIONING
To locate a target, we need a reliable ranging scheme. Traditional RF (Radio Frequency) based TOA or TimeDifference-of-Arrival (TDOA) [32] methods normally require high precision synchronization, and signal strengthbased approaches [45] not only suffer from coarse ranging accuracy but are also easily impaired by human obstruction. Acoustic ranging schemes [36] , [37] , which have provable centimeter level ranging accuracy, can largely overcome these shortcomings.
Initially, when a target requests for positioning service, it broadcasts a chirp signal [36] , [37] . The surrounding SPs who receive this signal send a confirmation message to the remote server. Then under the direction of the remote server, an acoustic ranging method [37] is applied to estimate the relative distance between SPs and the target. Finally, the trilateration method is applied to obtain the target's location.
III. STATIONARY PEERS IDENTIFICATION AND POSITIONING
A. STATIONARY PEERS IDENTIFICATION
In SAP, we utilize the accelerometer to identify SPs. To deal with the interference from body motions and smartphone placement, we design two filters, namely RMS filter and periodic filter.
1) RMS FILTER
The RMS filter is used to filter out instantaneous jitters caused by occasional body motions. For instance, a person picks up his/her smartphone from a desk to watch the time and then places it back on the desk. During this process, the magnitude of the acceleration signal will manifest some high peaks at only a few moments and stay relatively small most of the time. In fact, the person's location keeps unchanged. In this case, the person should be regarded as a candidate SP in SAP.
Before we apply the RMS filter, the raw acceleration signal should be pre-processed. The default output of accelerometer a(t) is the equivalent acceleration a eq accumulating on the gravitational component g,
We need to remove the gravitational component g. We use the complement filter [46] to extract a eq (t) from sensor output a(t) by the following equations,
where α is a coefficient (the typical value is 0.8, which is recommended by the android SDK [46] ). We can then use a eq to apply the RMS filter. The RMS of a set of measurements x is defined as follows [47] ,
where N is the length of the measurements, and x i denotes the i-th measurement. In SAP, a user can be employed as a candidate SP if the RMS value of the acceleration signal is below a certain threshold. Fig. 6(a) depicts the RMS values of three different axes (x, y, z) for common human activities which include walking or running with the smartphone in the pocket, fierce vibration (e.g., user interaction requested by apps), sending messages, surfing the Internet (mainly browse information on the screen), and sitting with random body motions. Among these activities, it is clear that walking or running corresponds to locomotive activities while others are relatively stationary activities. For brief, we define those locomotive activities as non-SP related activities while others as SP related activities. From the figure, we can see that a thresholding method can effectively identify the candidate SPs who send messages, surf the Internet (mainly browse information on the screen) and sit with random body motions. Namely, a person is a candidate SP if max RMS( a j ) < θ, j ∈ (x, y, z). Here, a j represents a fixed length discrete samples of equivalent acceleration data from a single axis, and θ is a threshold that can be obtained through self learning. If max RMS( a j ) ≥ θ , we need to further investigate whether this person is an SP, since as shown in Fig. 6 (a), other than walking and running, constant fierce vibration can also lead to high RMS value, yet the person's location keeps unchanged. In real world, there may exist other cases in which a user's location does not change but a high RMS value is observed. For example, a person talks to someone else with random hand gestures and a smartphone in his/her hand.
2) PERIODIC FILTER
The periodic filter differentiates non-SP and SP related activities by checking the repetitive pattern of the acceleration signal. The rhythmic nature of locomotive activities normally exhibits a clear repetitive pattern of the acceleration data independent of phone placement [48] while other relatively stationary activities produce uncorrelated signal. The periodic filter exploits this distinction and can successfully recognize the candidate even the acceleration signal of the corresponding activity exhibits high RMS values. For instance, there are a lot of apps which need users' interactions [49] - [51] and request them to vibrate their smartphones intentionally. In WeChat [52] , one of the most popular instant message (IM) applications, users can vibrate the phone to find nearby friends or recognize songs. In this case, the user's location does not change yet the RMS filter fails to identify this user as a candidate SP.
To inspect the repetitive pattern of the acceleration signal, we utilize the unbiased auto-correlation that is the crosscorrelation of a time-series signal with itself. The unbiased auto-correlation can be utilized to capture the periodic information without time reference [53] . The unbiased autocorrelation function is defined as:
where N denotes the length of measurements; x i denotes the i-th measurement; r k is the output correlation value with the time lag k, |k| ≤ N − 1. If x is a periodic signal, in the absence of noise, the autocorrelation function will oscillate with a constant amplitude, and the period of the auto-correlation function will correspond to the period of the signal [53] . After filtering noise peaks [54] , [55] , we count the time difference between successive peaks in Fig. 6 (b) to determine whether the walking frequency lies in a reasonable range, since each correlation peak in Fig. 6 (b) corresponds to one stride. We use a vector x to represent the strictly sequential time index corresponding to each peak. We then use the index β, to determine whether this user is indeed in walking or running state, namely, whether this user is a non-SP.
where x i , i ∈ (1, N ] is the ith element in vector x; γ is a predefined threshold that indicates how likely the person is moving (the typical value of β is 0.8); ρ min and ρ max correspond to the upper and lower limit of walking pace, respectively; ρ = f s /τ , where f s is the sampling frequency and τ is the walking pace (typically,
The flowchart of our SP identification algorithm is shown in Fig. 5 . To reduce possible SP identification error, we do not directly employ the above candidate SPs to assist positioning unless their WiFi signatures pass the Similarity analysis, which will be described in Section III-B.
B. STATIONARY PEERS POSITIONING
In this section, we will elaborate on our SP positioning algorithm. It is known that RSSI is easily subject to temporary fluctuation [15] which is also validated by our experiments. Fig 7(a) depicts the consecutive RSSI measurements at four different locations. We can see that the RSSI fluctuation can exceed 15 dB, which can significantly deteriorate the positioning performance.
To mitigate the impact of temporal fluctuation of RSSI so as to improve positioning accuracy, we propose an enhanced fingerprint-based positioning algorithm. Our algorithm novelly maps a RSSI signal matrix instead of a vector to a specific location. This RSSI signal matrix is composed of multiple RSSI measurements from multiple WiFi APs. State-of-art works like [7] , which use Gaussian distribution to approximate RSSI distribution and a probability based method, are most similar methods to ours. However, their online location estimation phase uses the vector composed of only one measurement corresponding to each AP and it has been reported that Gaussian approximation for signal distribution may not always hold [56] , which impairs positioning performance.
We now elaborate on the fingerprint construction process in SAP. When a smartphone starts to scan surrounding WiFi APs, the phone will obtain a list of available WiFi APs with the corresponding signal strengths. If we replicate the scanning operation for M times and record the RSSI values, then each WiFi AP will correspond to a set of RSSI measurements. For a smartphone, the number of received RSSI measurements during the scanning operation normally varies with the corresponding signal strength. Fig. 7(b) shows that when the signal strength is very weak, e.g. −100 dB to −80 dB, most of the RSSI packets will get lost. We plot the histogram of the observed RSSI packets receiving ratio in Fig. 7(c) . The APs that can be observed every time during the scanning operation will be utilized for fingerprint construction.
We aggregate each measurement corresponding to different APs as a vector, denoted by v. Therefore, when sampling the WiFi signatures at a fixed location, we will have multiple vectors with different vector lengths, say v i , i ∈ [1, l] , and l denotes the number of detectable APs. We choose vectors v j , j ∈ [1, N ], N ≤ l with the vector length no less than a certain threshold, ξ (in our case, we set ξ = M ), ∀j, | v j | ≥ ξ , to form a matrix H , H ∈ R N ×M for each reference location. Normally, a higher threshold for ξ is more desirable, since APs that are closer to the target are more favorable for fingerprinting based system and packets sent by them are less likely to be dropped by the target [16] . 
We map a matrix
Here Q denotes the number of reference locations and f denotes the mapping function; (x i , y i ) denotes the two-dimensional coordination of location L i . We denote the fingerprint database constructed by H i , ∀i ∈ [1, N ] as D. In the location estimation phase, an SP will also sample a matrix P, P ∈ R P×M . We search in D for a matrix H i which has the minimum distance with P and estimate the location as
Thus the optimization problem for positioning purpose is:
where dis() denotes Mahalanobis distance [57] function. In the same place, though RSSI may fluctuate significantly, the number of detectable APs stays relatively stable. Based on this fact, we further introduce the concept of Similarity to help to improve searching speed and remove outliers, as defined in the following:
where MAC i denotes the ith MAC address mapped in H i and MAC j in P; 1{MAC i == MAC j } is the number of MAC addresses that shared by H i and P. 1{MAC i } is the number of MAC addresses mapped in H i .
If two data matrices are considered to be sampled from the same location, they should have a high Similarity value. Thus in the location estimation phase, Similarity can effectively reduce the number of potential SP candidates from the database and significantly reduce the computation overhead. Similarity can also help to filter out outliers. For instance, one hacker intentionally stands in a place where SPs may never appear and upload their accelerometer measurements and WiFi signatures. In this case, our SP identification algorithm may falsely category him/her as candidate SP. Similarity can successfully help to eradicate this false identification as this hacker's data will have extreme low Similarity value with data from database. We also use this way to further confirm whether a candidate SP is qualified to assist positioning.
We construct a temporary fingerprint database via Similarity. We select H i in D if Similarity(H i , P) > χ, and use these matrices to form a new signal space H, H ⊂ D. The matrices in H and P should be further transformed before we can quantify their distance.
For ease of explanation, we define a Resemble matrix R N ×P . Each element r ij in R N ×P is defined by the following:
Here, MAC i and MAC j are the ith and jth MAC address in H i (H i ∈ H) and P, respectively. An illustrative example to and the first row come from P P×M . When the MAC address in the row is the same with that in the column, then the value equals 1, and 0 otherwise. 
Finally, remove the columns inH i andP that are totally zero and we getĤ i andP. The Mahalanobis distance [57] between H i andP is,
where X diff is the mean difference of the row vectors betweenĤ i andP, X diff = mean(Ĥ i ) − mean(P); COV pool is the pooled covariance,
and RP are the covariance matrices ofĤ i andP, respectively. The estimated location L p can be obtained by,
Usually, we sort the distances d by the increasing order and average the top K results,
where L (x,y) is the final estimated location.
To sum up, we present our SP positioning algorithm in 1.
To validate this algorithm, we conduct an experiment in a small indoor office room (3.2 m × 6 m). We collect fingerprints in eight adjacent seats inside this office and six random locations outside. The space between each seat is 1.2 m. We then collect WiFi signatures in a seat inside the room and calculate the ''distance'' to the pre-sampled ones. Fig. 8 depicts the results of Mahalanobis distance and Similarity value. The red dot corresponds to the ground truth location. 
i + +; 13: end while 14: Sort the H i in H by the dis(Ĥ i ,P) in increasing order; 15: Obtain the estimated location by average the top K result,
Dots that have Similarity below 0.6 are outdoor samples. From this figure, we can see Similarity is effective to eliminate the candidates outside of the room. It is worth noting that the dot with minimum Mahalanobis distance does not relate to the ground truth location; it is adjacent to the ground truth location. So if K = 2, the positioning error can be reduced to 0.6 m. We also conduct extensive experiments to validate the positioning accuracy in different settings which will be presented in Section V-B.
Another issue we should address here is how to optimally set the sample size M . Naturally, more samples will get more accurate positioning results, which however, introduce overhead and delay. In Section V-B, we will present the impact of the sample size M , on the positioning result. Here, we only give a lower limit of M . Specially, to get the distance in Equation (11), we need to calculate the covariance matrix RĤ i , RP, which are derived fromĤ i andP, respectively. Recalled that inĤ i andP the number of columns denotes the number of MAC addresses or APs that is detectable and the number of rows denotes the length of RSSI vectors corresponding to each AP. To obtain RĤ i , RP, row > column should be satisfied inĤ i andP. This constraint defines the lower limit of M . However, the number of columns is versatile which is affected by the AP coverage. So, the lower limit should be set accordingly. One can make a site survey in the place of interest to determine the lower limit of M or it could be pinpointed when collecting fingerprints. We set M to 100 during our experiments. In our testbed, a phone could detect about 124 APs, about 40% (see Fig. 7(c) ) of which can be observed over 80 times during a 100 time scanning operation. So if ξ = 80, then column = 124 × 40% = 50, row = ξ = 80. The condition row > column is satisfied.
It should be noted that the SP localization algorithm is designed for stationary peers. Target users in non-stationary regions tend to be mobile and thus do not have time to sample sufficient WiFi samples in a location fix. Therefore, SP localization is not directly applicable for targets.
IV. TARGET POSITIONING
After obtaining SPs' location, we can then initiate the acoustic ranging scheme and finally locate the target. We will first give a brief introduction on acoustic ranging scheme.
A. PRIMER ON ACOUSTIC RANGING
Normally, an acoustic ranging scheme [36] , [37] first estimates the time of sound that propagates between devices, then it multiplies this time by the travel speed of the sound to estimate distance. The acoustic ranging scheme can be easily implemented on modern smartphones. It uses microphone and speaker to detect and emit acoustic signal. And different from the traditional RF-based ranging scheme like TOA method used in cellular systems [32] , the acoustic approach does not need any accurate time synchronization. Instead, it uses a central controller to coordinate the cooperation between the transmitter and the receiver without any synchronization tricks. The ''sound'' here is usually a chirp signal which spans the bandwidth between 16 KHz to 20 KHz. This chirp signal is robust to background noise and imperceptible to human ears as well.
FIGURE 9.
Illustration of event sequences in acoustic ranging.
Fig 9 depicts the typical operation of the above acoustic ranging scheme. Initially, the microphones of both device A and B are turned on to record ambient sound. First, device A generates a known chirp signal. Then, after an arbitrary time span, device B emits another chirp signal. To determine when the chirp signal was detected, each device correlates the sample signal with the known chirp signal. In Fig. 9 , t A1 , t B1 represent the time when device A and B emitted the chirp signal and t A2 , t B2 represent the time when device A and B detected the emitted signal, respectively. Unlike the traditional TOA method which needs to calculate the absolute arrival time on one side, the acoustic ranging scheme intelligently avoids the time synchronization problem by calculating the time difference. Both devices post the results to the center controller which calculates the travel time of sound t AB as,
Then, the distance between device A and B, Dist(A, B), can be estimated by multiplying the time difference t AB , with the travel speed of sound c:
This acoustic ranging approach can achieve centimeter level precision [36] - [38] . The overall measurement process does not introduce perceivable delay. The diffraction property of the acoustic signal makes this approach quite robust to human obstruction. Several methods have been proposed to deal with the multipath problem, either by detecting the first presence of the correlation peaks [37] or by computing the first max derivative [38] . In a nutshell, this is the close-toperfect ranging scheme for our system.
B. RANGING BASED POSITIONING
After we use the acoustic approach to obtain the distances between the SPs and the target, we then use trilateration [32] to locate the target.
Suppose that there are n SPs around the target T (x, y), the distances between these devices are r 1 , r 2 , ..., r n , respectively. Then the problem to estimate the final location (x, y) is to minimize the following function:
Since we use trilateration to locate the target, so here n = 3. We then employ Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm [58] to find the optimal (x, y). We find that n > 3 always happens during our experiment. In that case, we only use the three shortest distances (TSD) and discard the remaining. If the three SPs which have the shortest distance with the target form a line, the object function will have two optimal solutions. In this case, we will iteratively discard one of TSDs and choosing from the remaining. It is worth noting that Equation (16) can only be solved when there are at least three SPs (n ≥ 3). When n = 0, that is, no SPs are around the target, then the target can not be located. When n = 1, the target should lies on a circle with the center being the SP and the radius being the distance estimated by the acoustic ranging scheme. At last, when n = 2, there are two possible solutions, and in some real world environments, we may infer the appropriate one. For example, one solution may indicate a location in a place where humans can not reach, and thus it can be eliminated. We can also use such physical constraints to narrow down the possible region when n = 1. It is worth noting that this ranging based approach can not concurrently track multiple persons. One can adopt a fast Time Division Multiple Access (TDMA) scheduling approach [59] to achieve a pseudo-concurrent positioning system.
V. PERFORMANCE EVALUATION A. PROTOTYPE IMPLEMENTATION
We implement the SAP prototype based on the client-server architecture. The client side application is implemented on the Android platform. It has three major modules, namely sampling, processing, and uploading. The sampling module outputs data samples, e.g., acceleration signal, acoustic signal, WiFi signal strength and MAC address. The sampling rate of the accelerometer is adaptive with a default value 20 Hz. When the variance of the samples drops to a low level which indicates the device is in a static state, then the sampling frequency can be tuned down. The sampling frequency for the acoustic signal is fixed to the maximum which typically is 48 KHz. The WiFi signals are sampled every second and are labeled by MAC address. WiFi signals are uploaded in segmentation, during which the user can be employed as an SP. WiFi sampling will be stopped to save energy if a user is a qualified SP. The processing module has two major functions: determining whether a user is qualified to be employed as SP and calculating relative distance between each peers through the acoustic approach. The uploading module is amenable for establishing reliable connection between server and clients for data transmission. The uploading module adopts the TCP protocol to establish connection and uses the JSON data format. The server side is implemented on JAVA platform. It is a background program that monitors data flows from clients side and forwards processing results back to the clients.
The smartphones used in our experiments includes HUAWEI MATE7, Samsung Galaxy S5, Samsung Galaxy S3, HTC one M8, NEXUS 5, which all have powerful Quadcore processor and at least 2G RAM. Fig. 10 shows a snapshot of the client side Android app, which is implemented based on an open source library [60] . We use a small arrow to represent current location as well as the walking direction. Users also can use the zoom in/out operation to change the resolution level. We deploy our server side application on a DELL PowerEdge R730 server with two Intel Xeon E5-2630 v3 processors and 32GB RAM. Such servers can be deployed at the network edge to reduce the response latency [61] , [62] . The operation system is Ubuntu 14.04.1 LTS. We install openjdk 1.7 to compile and run our java code. We use MySQL (version 5.5) database to store the WiFi signatures. There are some other software libs used in our implementation. We use the JSON library [63] to serialize/de-serialize the messages in the TCP communication channel and the Apache Commons Mathematics Library [64] to accelerate our development.
B. EVALUATION
In this section, we evaluate the positioning performance of SAP in representative indoor environments.
1) SP IDENTIFICATION ACCURACY
Method:
We collect data from a five-storey building to validate our SP identification algorithm. To reduce possible psychological pressures on experiment participants, we first record videos of people's activities in this building without informing them. We then analyze these videos, ask 8 members in our lab to repeat those activities and record the corresponding acceleration signal. These activities includes straight-line walking, walking with instantaneous VOLUME 6, 2018 turns, talking to others with hand gestures, a fast go-andreturn (fetching something for others), sitting down and shaking legs, standing with some random body motions. The smartphone adopts a common placement, namely front pocket. Clearly, walking in straight line or with instantaneous turns are non-SP related activities while others are SP related activities. The test results are also classified into two categories: SP related activities and non-SP related activities. We adopt the definition of SP in Section II to determine whether a participant is qualified to be an SP. We use the successful detection rate, namely the ratio between the number of correctly detected activities by our algorithm and the number of all the activities done by the participants, to quantify the test results. We also explore the impact of phone placement on the identification result. We explore the most common phone placement including: front pocket, back pocket, hand, handbag, backpack. Results: As shown in Table 3 , the successful detection rate for non-SP related activities is quite accurate, nearly 100% among different users. As for SP related activities, there is a tiny chance that our algorithm fails to identify them correctly. Yet this tiny error will cause no risk to our positioning algorithm since it only means that our algorithm may miss out some possible SP candidates. Table 4 presents the successful detection rate with different phone placements. We can see that our SP identification algorithm is quite robust to phone placement. The successful detection rate is over 95% for all placements. The successful detection rate is slightly lower when the phone is in hand due to some irregular hand motions, which can be easily addressed by the Similarity analysis.
In conclusion, the experimental results clear demonstrate the effectiveness of our SP identification algorithm.
Impact of sample size and threshold parameters on RMS filter. Indicated by its definition, the effectiveness of the RMS filter is highly related to the sample size N and the threshold parameter θ . We first analyze the RMS value from representative SP, non-SP, and transition between non-SP and SP scenarios to find the impact of sample size on the RMS value. The sampling rate of the accelerometer is set to 20 Hz. We plot the RMS value with varied size in Fig. 11(a) when the user is walking and the phone is placed in the front pocket. In Fig. 11(b) , the RMS value under different sample sizes is depicted when the user is seated and sending messages. Fig. 11(c) depicts the results when the user vibrates his/her phone for just a few moment than remain static. Fig. 11(a) and Fig. 11(b) both show that the RMS value is only slightly different under different sample sizes. For the purpose of coarsely differentiating SP and non-SP related activities through RMS value, a much larger difference between the RMS value of the two activities is more favourable. Combining this idea with the results from Fig. 11(a) and Fig. 11(b) , a larger sample size N is desirable. While in Fig. 11(c) , when the sample size N reaches a large value, say 2000, the high RMS value produced by non-SP related activities will spread into the subsequent samples, causing a large delay in identifying SP. In this case, a much smaller sample size N is more favourable. In our system, the sample size N is set to 256 with sample rate 20 Hz, which achieves satisfactory results.
To get an optimal threshold parameter θ , we have collected the RMS values from the afore-mentioned two categories of activities. The sampling rate is 20 Hz. The data is collected from male and female participants, different brands of smartphones, and different phone placements. We plot the RMS data sets in one dimension in Fig. 17(d) , and we can see that a proper threshold, commonly the average value between the margin of two data sets, can clearly identify SP related activities. One can also dynamically update this value with more incoming data sets.
Impact of sample size and threshold parameter on periodic filter. Similarly, the effectiveness of the periodic filter is also affected by the sample size N and the threshold γ . The sample size actually introduces negligible impact on the periodic filter. Fig. 17 (e) depicts the relationship between β (in Equation (6)) and the sample size in both typical non-SP (walking) and SP (vibrating the phone for a few times than keeping it static) scenarios. We can see that a much larger value of sample size is more desirable since it can enlarge the distances of β under two different scenarios, leading to a much wider and safer choice for threshold parameter. Yet a larger sample size will inevitably incur higher computation overhead and longer latency. The sample size in our system is 256 for the sample rate 20 Hz, which is a good trade off between efficiency and performance.
The parameter β is close to 1 if the user is a non-SP and is close to 0 if the user is an SP. For the transition between SP and non-SP scenario, the distance between β and 1 is proportional to the ratio of time when the user is SP. For a periodic filter to identify non-SP, a higher value of threshold γ is desirable. To comprise SPs in certain situations, say a user just walks one step away from last location, we set a slightly smaller value to γ . The threshold parameter γ is set to 0.8 in our system.
2) SP POSITIONING ACCURACY
Method:
We run our experiments in our office environment (7.2 m × 7.8 m) and a shopping mall (75 m × 24 m). The layout is depicted in Fig. 3 . We divide indoor space uniformly and manually sample the fingerprints to thoroughly validate SP positioning performance. In the indoor space, we collect fingerprints at 12 locations with a spacing of 2 meters. In the shopping mall, we sample the WiFi signatures with a spacing of 3 meters. The RSSI sample size M in each experiment is set to 100.
We use a Bosch GLM40 laser distance measurement tool [65] , which measures distances up to 45 m with an accuracy of 1.5 mm, to obtain the ground-truth locations.
We also explore the impact of the sample size M on the positioning result. We use the same data sets from SP positioning in office environment. We manually change M to find its impact on SP positioning.
Results: Fig. 13(a) shows the performance of our SP positioning algorithm. The 80-percentile positioning accuracy is 0.9 meters in the indoor office and 1.5 meters in the shopping mall. During our experiment, we find that there are more than one hundred WiFi APs in the office, while there are only about 20 in the shopping mall. Since the AP density is lower and the fingerprints space is much larger in the shopping mall, the positioning error is slightly higher.
Impact of vector length on SP positioning. Fig. 13(b) depicts the SP positioning results when M varies from 40 to 100, and the positioning accuracy degrades with the decreasing of M as expected. As pointed out in Section III-B, M should be larger than the number of detectable APs. From the results from Fig. 13(c) we can infer that the lower limit of M is 33. (When triggering a phone to sample the WiFi signal for 100 times, there are only 33 corresponding WiFi APs can be detected every time.) So we did not lower M further. Theoretically, increasing M would improve positioning accuracy, which again will introduce additional overhead and delay.
3) ACOUSTIC RANGING
Method: We run our acoustic ranging software prototype in four different scenarios: line-of-sight (LOS), non-line-ofsight (NLOS), multipath-rich and noisy background. The chirp signal in our system span the bandwidth of 16 KHz to 20 KHz. The length of the chirp signal is set to 500 samples. Each device emits the chirp signal for three times with the interval of 3000 samples. The sampling frequency is set to the maximum, which typically is 48 KHz. The testbeds are depicted in Fig. 12 , respectively. We put GLM 40 and a small block beside each smartphone to measure the ground truth distance. Device A and Device B are both connected to a server, which collects uploaded information and calculates the estimated distance. In Fig. 12(b) , we ask a person to stand between Device A and Device B to simulate the NLOS scenario. In Fig. 12(c) , we make a ''wall'' surrounding Device A to simulate a multipath-rich environment. And in Fig. 12(d) , we place another phone parallel with device B to make a noisy background.
Results: The ranging performance in four different scenarios is depicted in Fig. 11(f) . We can see that the acoustic ranging approach performs well in LOS, multipath-rich, and noisy background scenarios, with the 80-percentile ranging error less than 20 cm.
The acoustic ranging approach performs worse in the NLOS scenario, with the ranging error up to 2 m. To cope with NLOS scenarios caused by mobile objects, one can make several trials and choose the smallest one. The NLOS scenarios caused by static objects like walls, can not be addressed by this acoustic ranging approaches.
4) TARGET POSITIONING ACCURACY
Method: We run our testbed in two environment settings, an indoor office (7.8 m × 7.2 m) and a shopping mall (75 m × 24 m), which are depicted in Fig. 3 and the reference regions to collect fingerprints are denoted by circles or stars. We sample fingerprints at different locations within each reference region which contains at most five fingerprints. We get a total 25 fingerprints in the office and 134 in the shopping mall. We compare SAP with RADAR [6] and Zee [48] . For RADAR, the fingerprints are collected 2 meters apart in the office and 3 meters apart in the shopping mall. The number of observable APs in the office is around 124 and about 20 in the shopping mall. The detectable APs in the office have a portion of software generated hotspots.
Results: Fig. 13(c) and Fig. 13(d) present the positioning performance in the office environment and the shopping mall, respectively. We can see that SAP outperforms RADAR in different settings. The 80-percentile positioning error is within 2.2 meters in both environment settings. The high error of target positioning is largely caused by SP positioning. Some uncontrollable cases, for instance, the height of the smartphone relative to user's feet when the user reports the location being different from that when the smartphone assists to locate the targets, the minor location changes of SPs which is beyond the capability of positioning algorithm, can introduce positioning errors. Zee outperforms SAP and RADAR in the office environment but achieves the worst positioning accuracy in the shopping mall. The performance of Zee highly depends on the walking traces, while SAP is quite robust to different environment settings.
Reduction on fingerprints. Our approach to locate SPs is an enhanced version of traditional fingerprinting method, which greatly alleviates the pain of fingerprint calibration. The traditional fingerprint-based positioning methods uniformly divide the place of interest into small girds and sample fingerprints in the center of each grids. The positioning accuracy depends on the density of the grids. However, in our system, we only need to sample fingerprints in those places where SP are prone to occur. For example, in the shopping mall which is depicted in Fig. 4 , we only need to sample fingerprints in 134 locations. While if using traditional fingerprinting method, we need to sample about 600 locations if the grids are spaced three meters. This is 78% reduction in fingerprints sampling. Hence, compared with traditional fingerprinting method, our positioning system is effortless.
VI. DISCUSSIONS
SP Involvement: Since a SP needs to spend more energy and bandwidth to help locate a target, we envision that the applications that leverages our positioning system may give the users some incentives (e.g. virtual currency) to use our indoor positioning service. We can incorporate the crowdsensing paradigm [48] to further get rid of the reliance on the fingerprint calibration.
SP Coverage: Our system is suitable for places where the population is relatively dense, e.g. large plaza, shopping mall, etc. While in some cases, e.g., a long narrow hall, there may be no candidate SPs. In these places, we can place some acoustic anchors like [25] to eliminate this constraint. Or, we could merge the inertial sensor based distance estimation approaches [66] to locate the users in this path. Another issue should be noted here is that the population density varies with time, which can affect the SP coverage. Say in the early morning or after midnight, even the densely populated places will have few people, leading to insufficient SPs to assist positioning. In this case, we can adopt the LDPL model [66] and use the trilateration method to coarsely locate the target based on APs' location information. In addition, we can apply the crowdsensing technique, e.g., [48] , to construct an auxiliary fingerprint database: for each person located by SAP, the client side application can generate a fingerprint signature that consists of the RSSI values of surrounding APs and send it back to the server. SAP can then employ the traditional fingerprint-based method to locate the target based on this auxiliary fingerprint database.
SP Localization: The accuracy in locating SPs is important since it affects targets localization results. As a result, it is desirable to achieve high localization results for SP users. Apart from WiFi, there are many other signals such as light, acoustic, or magnetic field that can reflect spatial information. Therefore, we can use these rich signatures to improve SP localization results.
VII. RELATED WORK
Plenty of efforts have been taken in developing various indoor positioning approaches. Most of the existing methods can be classified into infrastructure-based [24] - [26] , [66] and infrastructure-free positioning systems [6] - [8] , [10] , [67] . The infrastructure-based positioning systems can achieve a relatively high positioning accuracy but at the cost of extra customized hardware and deployment efforts. Infrastructurefree positioning systems do not need any extra auxiliary devices by leveraging the surrounding ubiquitous information, e.g., WiFi, and thus are more applicable. Our proposed SAP is also an infrastructure-free indoor positioning system that smartly utilizing the stationary peers in indoor places to assist positioning.
The most widely used infrastructure-free indoor positioning technique is called fingerprinting [6] . This method first maps the observed signals to each reference location then estimates user location by finding the best match between the online samples with previous collected signals. Though this method needs extensive pre-measurements, it does not need any extra infrastructures except some WiFi APs in the spot of interest. Various researches are derived from this.
Beep-Beep [37] uses an acoustic way to calculate the distance between different mobile devices. It solves the time synchronization problem in the application layer and achieves centimeter-level positioning accuracy. Liu et al. [36] also use this acoustic method and propose a peer assisted positioning algorithm. It groups the target and devices surround it (which called peers) as a rigid graph and then matches the fingerprints together. The simulation results show that 80% positioning error is less than 1 m. Yet the requirement that the constructed graph should be rigid may not be satisfied in a dynamic environment.
EZ [66] is a model-based indoor positioning system that adopts the log-distance path loss (LDPL) model to formulate the indoor signal propagation properties. However, the accuracy of the LDPL model can be greatly distorted by the multipath effect. In addition, EZ requires GPS to lock absolute locations through windows occasionally. Since GPS has a minimum positioning estimation error of 10 m [68] , EZ may perform poor in small areas.
There are also some systems that do not rely on WiFi fingerprints. Zee [48] makes full use of the sensor (accelerometer and gyroscope) information and map constraints to estimate the location. Familiar works include UnLoc [11] and WILL [9] . Based on the fact that a user can not walk through the wall or other barriers, Zee can filter out some impossible locations and converge on the true one. However, the computation overhead of Zee is high, which increases exponentially with the map size.
VIII. CONCLUSION
Indoor positioning is the key enabler for pervasive locationbased services. In this paper, we proposed SAP, a novel infrastructure-free indoor positioning system. SAP alleviates the painful fingerprint calibration process by leveraging the stationary peers in common indoor environments. SAP also introduces an enhanced fingerprint-based positioning algorithm with much higher precision. Our evaluation in representative real-world environments successfully demonstrate the feasibility of SAP.
